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Part 1: Introduction
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|S|p\ Ref.: ImageNet Classification with Deep Convolutional Neural Networks. A Krizhevsky et al 4
Ml.ﬂ OINLEX R P N —T |
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Large high-dimensional dataset: “_ | @

D={(zsyi)lisy VL

{ \ \
7;._‘/.‘.'. I.‘.!ndn""\ Max ‘28 Mac
Vera \ pooing pooling

3 48

e Deep Learning: a generic tool to solve high-dimensional tasks. One

tries to design ¢ and to find the best parameter  so that ¢ (x

)~y

e Earlier and current work: how, why does Deep Learning reach

spectacular performance?

e Training foundational models (e.g., ChatGPT) |

is a data-greedy, computationally intensive
and time-consuming task.

. : how to maximise resources
efficiency still with scale? (maximise GPU
performance, avoiding buying new
infrastructure)

Petaflop / s-days lestimate from leaked information|

A ChatGPT-4
(1500TB)
AlphaGo
3 (40TB)
10 S ChatGPT-3
(400TB)
AlexNet &
others
0| (<£20GB)
10 L . years
j I —>
2012 2020 2023



Fix a dictionary of random patches 1)

per sample

@'S'RMuﬂ A m()tivating work iy oscs

Ref.: Thiry L., Arbel M., Belilovsky E. and EO - The Unreasonable Effectiveness of Patches in
Deep Convolutional Kernels Methods, ICLR 2021.

Dictionary D

Dictionary D Redgesentation

input
I; . H B H B (I)l(ﬁ)
patch 1 0 1 nes E patch 1 . 1
==== * III=I=II=I! * patch 2 . 1 0 E patch 2 . PP ’
.. * ; : : ’
imEm - S =
...- in ovgriappfntgm;lagteches = Lo . . > 1l o T 5 3
1 0 . :
ImageNet Topb accuracy: Find Q-nearest neighbours Spatial :
! per patch Average pooling
Image resolution: / \ Sup|1e>|r_ o
224 x 224 slow B " . "
100% e - Is this simply a bag of patches?
(Pr. Jean Ponce comment @ Prairie-talks 2021)
80% AlexNet
_ e T'wo major questions:
987 128 x 128 | ,
157 2-layer 547 e Too simple. Why, how? (Axis 1)
0
CNN
25% 1-layer 64 > 64 e Too long to train, inefficient.
CNN Scalability? (Axis 2)
0.3% Random




@ “~Mlig Axis 1: Foundations of Geometric
Deep Learning

e Let M a smooth manifold, and a symmetry group G C Diff,(M).
Example: translations for Rn, rotations for ™1 .

e The real case: Consider integrable signals

L*(M) ={z: M = C, /M 2 (u)]? du < oo}

and for ¢ € G, we define the action Ly on LQ(M) via
Low(u) 2 2(¢™" (u))

e Objective: designing @ : L?(M) — R? which allows to provide a
useful representation of the data? Covariance: ®Lgxr = Ly,Px or

invariance ®Lyx = ®x. Example: Convolutions and sum for R".

N
NN\

\\

e More simply, is there a canonical equivalent of \
convolutions on manifolds? Are there principled architectures?’



@'S'“Mug Axis 2: More efficient training via 7

Asynchronous and Decentralized Models
e Parallelisation is key: Current approach rely on highly connected
machines/clusters, mostly centralized and highly synchronous which
require expensive, dedicated hardware.

e The main parallelisation techniques

<
e ©
: -
are model parallelism and =
data-parallelism. : i
. ©
GPU |H GPU |- GPU |H GPU effective 2 o
I | ' | parallelisation g .2 _ _
GPU H GPU H GPU |H GPU — O 7 g g
| | | | 2 8 data 1 data 2 ;data?)
GPU [H GPU [H GPU |H GPU %

Data-parallelism:

processing data in parallel

e Can we limit the need for those machines/clusters by aggregating
distant, multiple resources while speeding-up training, lowering
electricity consumption, increasing model size and model accuracy”?

e How? theoretical guarantees, asynchrony and decentralization.
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Part 2: Contributions to
this manuscript



@.s.nMug Contribution 1: Specifying representatioﬁ'ﬂ.?
biases for Geometric Deep Learning )

X S
Ref.: [1] Scattering Representations for ( \
Recognition, Phd Thesis, Joan Bruna \ :;:;J /
- g4

Jakob Pr. Joan Pr. Grégoire
Maier Bruna Sergeant-Perthuis

OF - Interferometric Graph Transform: a Deep Unsupervised Graph Representation,
ICML 2020.

e Developing an algorithm to recover Fourier atoms on flat
manifolds (e.g, torus).

Sergeant-Perthuis G., Maier J., Bruna J. and OFE - On Non-Linear operators for

Geometric Deep Learning, NeurlPS 2022.

For 2. L) and &€ LOMTM) e () 2 (67 (00) and L) 2 do(u)-507" ()

e Theorem 1 (extension of [1]): Let M : L*(M) — L?(M) a regular
operator, then ML, =LsM <= J:R — R, Mx(u) = ¥(x(u))

e Theorem 2 (vector fields): Let M : L*(M, TM) — L*(M,TM) a
regular operator, then MLy, = LgM <= FINeR, Mx = \x




@'Smuug Contribution 2: Decoupled Greedy 10
Learning of Deep Neural Networks

S #Mila
(=)

.;. ALLIANCE 2
SORBONNE P

UNNERSITE Louls Dr. Stéphane  Pr. Eugene Dr. Michael
Fournier Rivaud Belilovsky Eickenberg

Belilovsky E., Eickenberg M. and OF - Greedy Layerwise Learning Can Scale to ImageNet,
ICML 2019.

e Proposing Local criterion to train Deep Neural Networks in a
layer-wise, competitive manner.
Belilovsky E., Fickenberg M. and OFE - Decoupled Greedy Learning of CNNs, ICML 2020.

e Developing Decoupled Local procedures for training Deep
Neural Networks layers in parallel.

Fournier L., Rivaud, S., Belilovsky E., Eickenberg M. and OF - Can Forward Gradient
Match Backpropagation?, ICML 2023.

e Studying more sophisticated Local gradient estimates via
Forward Gradient.
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@ s MLA Contribution 3: Asynchronous

Decentralized algorithms
s, EMil/S E:Mila
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Adel Pr. Eugene
Nabli Belilovsky

Nabli A. and OF - DADAQ: Decoupled Accelerated Decentralized Asynchronous
Optimization, ICML 20235.

e Proposing fast convex asynchronous, decoupled, decentralized
algorithm.

Nabli A. and OF - Decentralized Asynchronous Optimization with DADAQ allows
Decoupling and Acceleration, submitted to JMLR.

e Refining our knowledge of the graph resistance in the context ot
distributed optimization.

Nabli A., Belilovsky E. and OF - A?CiD?: Accelerating Asynchronous Communication in
Decentralized Deep Learning, NeurlPS 20235.

e Reducing the communication rate in the context of
decentralized training of Deep Neural Networks.
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Part 3: Detailled contributions

to distributed training
of Deep Neural Networks

12
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e Multiple devices can be aggregated together to collaborate: smartphone,

ns
= =

gamer computers, ...

e But this applies too for highly connected clusters, can we benefit minor

fluctuations?

Multi-GPU
Multi-node

NVLink Inﬁn{Band
(meshgrid) (meshgrid)

Ref.: Nvidia website.

Multi-GPU

- Tvq \\
- + 4 N
- L33 (7]

=




@ ““MLiA Limits of current approaches

.14

for distributed training of Neural Networks

Ref.:Decoupled Neural Interfaces using

Synthetic Gradients, Jaderberg et al, 2017

>

forward
—
module
+— <
l update

module

>

<«—— backward

l update

e Not taking in account model nature: Backpropagation

of Deep Neural Networ.
update and forward locks) which impec

s has inherent |

ocks (backward,
es speed.

e Synchronous/simultaneous procedures: workers wait

for each other and execute tasks in a certain order. (can we

break synchrony, and reduce communications/
computations?)
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@'S'RMuﬂ Objectives: toward a decoupling tricl;"%..,

e Communications & computations of decentralized
algorithms are typically coupled, which results in much
undesirable synchronisation and limited potential for
distributed computations.

e Objective 1: Decoupling gradient computations &
communications of back-prop, to allow parallelism, during a
backpropagation pass.

e Objective 2: Decoupling parameter communications and
sradients computations in distributed settings, to maximise

hardware efficiency (perform as much as you can)



Decoupled Greedy Learning

of Deep Neural Networks
(2019-2023)

funded (2021-2022) via ADONIS,
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SORBONNE
UNIVERSITE

in collaboration with:

Louis Dr. Stéphane Pr. Eugene  Dr. Michael
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3 publications in'
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@ ““MULA Alternatives to standard back-prop?

Alternative 1: Direct Feedback Alignment. Alternative 2: Decoupled

a) BP b) FA ¢) DFA d) IFA Neural Interfaces
W, W, W, lB W, B W, Forward connection,
h2 [OOOJ [OOO] [Ooo}‘z_ :O OOJ update locked
w, " ow, l""l W, W, " Forwia Svemsn
1 . 1 not update locked
h (OO0 O) @OO] (OO0 (OO0

Error gradient ’

w’ wl wl

X [OOO] [OOO] [OOO] TOOO} Synt.helmemwr i

gradient

depth Alternative 3: Delayed Gradients approaches

F B F B 4 F Mini-batch forward )
'; B '; B N R Mini-batch recomputation
R R Idle

E B E B Mini-batch backward )

Ref.: [1] Direct Feedback Alignment Provides Learning in Deep Neural Networks, Ngkland et al
[2] Decoupled Neural Interfaces using Synthetic Gradients, Jaderberg et al, 2017
[3] On the Acceleration of Deep Learning Model Parallelism with Staleness, Xu et al.


https://openaccess.thecvf.com/content_CVPR_2020/papers/Xu_On_the_Acceleration_of_Deep_Learning_Model_Parallelism_With_Staleness_CVPR_2020_paper.pdf
https://arxiv.org/search/stat?searchtype=author&query=N%C3%B8kland,+A
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Greedy Learning

. Belilovsky E., Fickenberg M. and OF - Greedy Layerwise Learning Can Scale to ImageNet, ICML 2019.

.18

Simply train the CNN layer per layer via supervision. . .

L —>

o (02)

®,(61) l

DNN

]

—

DNN

l

Frozen layers
Trainable layers

Let & = depth(DNN) +1

Auxiliary
classifier loss loss
trained until convergence

VO
trained until convergence

e A very simple idea in the
literature for a while. ..

e But it was not known to not

scale!

% Top-3) using ;7 Trained Lavers

1

Accuracy ("

311

k|

Irmagenel, Accuracy with Laverwise E-hidden Layer Training

-4- L —1 irain acc.
—— =1 val acc.

-@- L —=2train acc.
—— & — 2 val acc.
~w- L 3 train acc.

7 [ [ '
E —— L — 3 val acc.

1 2 3 1 b i 4
Auxillary Ace of Learned Lavers [}



e =

synchronous forwards

I — Block 1k » Block 2

Decoupled Greedy Learning

Belilovsky E., Fickenberg M. and OF - Decoupled Greedy Learning of CNNs, ICML 2020.

T parallel backward

» ... |Block K

<

NN

T

loss

e Principle: split in K slices a
model, and train it.

e Fach NN is again small
compared to a block.

e It scales on ImageNet!

.19

<

NN

T

loss

Arch/Perf. on ImageNet
VGG-13 (K=4)
VGG-13 (K=13)

VGG-13 (end-to-end)
VGG-19 (K=4)
VGG-19 (K=2)
VGG-19 (end-to-end)
ResNet-152 (K=2)
ResNet-152 (end-to-end)

loss

Top 5
88.0
85.8
87.5
89.0
90.2
89.7
92.0
92.1
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loss

loss

replay memory

ad-hoc

Asynchronous DGL

loss

------ P asynchronous forward T

e We unlock: forward, backward and update.

parallel backward

e Buffers are robust to lags and does not need to be big.

91
> -
{EQO
3
W
<
&89
10

Accuracy for Varying Buffer Size

20 30 40 50
Buffer size

- Tesl Accuracy (CIFAR-10)
¢2.0

14
A
w 695
3.0
an -~ DGL+Replay (Async)
- Refarence (Sync)
2a. .
q.o 1.2 1.4 L.A

Module Slowdawn Factor
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Backpropagatzon? ICML 2023.

Fournier L., Rivaud, S., Belilovsky E., Fickenberg M. and OF - Can Forward Gradient Match

Correcting DGL via Forward Gradient?-.2!

e At a given layer, replace gradient by ¢ obtained from a

egradient guess G:
Tii1 = Tr — NV f(xs) replaced with T¢41 = T — N g(T¢)

where 9(2) = (Vf(z),G(2))G(z)

G(x”

'\

~ Vf(x)

Ref.: Scaling Forward Gradient With Local

FOI’W&I’d gradlent Losses, Ren et al.
e The stationary points can lead to undesirable solutions. ..

) =0 or (Vf(z*),G(z")) =0

e We tested a collection of guesses

Random unbiased estimate:

4

G(2)] =0 and E[G(2)GT (2)]

Randomly initialized DNN:

G(x)

— Vf(il?()), Lo N(O, I)

Local Auxiliary (DGL):

G(x)

= AuxDNN(x, y)

Global loss

—

— Train loss

-- Test loss
Bl End-to-end training
B Local guess (CNN)
B NTK guess (CNN)
Bl Random guess

-
-----------
- -
..................

--------
-—--

...................

0 20 40 el Lo 100



Asynchronous

Decentralized algorithms
(2019-2023)

funded (2021-2022) via ADONIS,
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Nabli Belilovsky
(PhD student) (Co-supervisor of
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2 publications in:
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@ “"MLA Model for
Decentralized Learning

mn
Objective:  inf E fi(x) with e.g..fi(z) = (b, x" a;) + )
rERA 4 : : 2
i=1 with £ convex in z.
L —
o - < >
m B8 O
—ce W - w
.

Graph of local losses

e Assumption 1: Local data, V f; and local memory buffer
available only on a given node.

e Assumption 2: Only adjacent nodes can communicate.
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@ "MLA  Asynchronous model

e Operations (computations, communications... ) should happen neither
simultaneously, nor in a specific order. (contrary to global gossips steps; wait
barriers, ... )

How can we annotate iterates happening at different place, if there is no order?
t1 = to

Node 1 4——"4—4—+—1+H—"1—™H 11

Node 2 ——HT+t+ 11+t —"©
» communicates with j: 2 ‘—‘ J
<

Assumption 3: The event that 7,7 communicate is a Poisson process M;; with

intensity )\ij.
Assumption 4: The event to compute a gradient at node 7 is a Poisson process IN;
with intensity 1. Mi;(t)

Ref: A Continuized View Quick reminder on Pointwise Poisson Process: | —

on Nesterov Acceleration +
for Stochastic Gradient For ¢ — 0™ we have

Descent and Randomized IP)(M@] (t + 5) _ Mzg (t) — 1) — 5)\23 4+ 0(5)
Gossip, Even et al., Best
paper Neurips 2022!

= [\ w =~ .
1 1 1 1

vV~




@'S'“Mug The graph resistance in optimizatioﬂ"-?.?.

Define a (weighted) graph Laplacian via: A= Aj(e; —e;)(e; — e;)"
Ref.: [1] Resistance distance. Klein and Randic. .
[2] Convex Optimization of Graph Laplacian Eigenvalues, Boyd. (7'7.7 ) c& \
[3] Decentralized Asynchronous Optimization with DADAO allows A great quantity to model
Decoupling and Acceleration, Nabli and O. 1

. . i A T A - latency
Introduce edge-resistance via: X~ = 5(62' —e;) AT (e; —e)

~_"

.4_) literally "electrical" resistance with R;; =

Maximal resistance: Inverse of the smallest eigen-value:
1

X2 =5 sup (e; — ej)TAJF(eZ- —e;) < X1 = sup ul ATy
2 (i,j)e€ — |u||<1

We will show our rates will depend on X1;+v/X1X2: can we optimise them?
Proposition (informal, from [2|): For some constraints on #-th node’s bandwidth \;
minimize x1(A)

is equivalent to a SDP
subject to Z)\z‘j < Ais Aij = 0 (for (4,5) nodes)

Proposition (informal, from [3]): For some constraints on #th node’s bandwidth \;

minimize /x1(A)x2(A)  is equivalent to a collection of SDP
subject to Z)‘ij < AiyAij >0 (for (i,j) nodes)



How fast can we compute:

sz.

Introduce the spectral gap: v = [|A]] HA+H = x1||A]|

.26

Ref.: A Continuized View on Nesterov
Acceleration for Stochastic Gradient
Descent and Randomized Gossip, Even
et al., Best paper Neurips 2022!

Synchronous Asynchronous
Standard it = (I - aA)72? —% Z (e —ej)(e; — e;)  wpd M (t)
(1,7) €& \
. dl"t = Ty —x)dt — Z (e; — ej)(ez ) mthij( )
Accelerated| z'7 = P, (2" — al)x? (i.j)e€

di’t = C¥<$t — jt)dt — B (e' — e')(ez’ — € )Tmthi ( )

/ (i%:eé’ J ’ :

/

Chebychev polynomial

continuous momentum

2 72
Synchronous Asynchronous
Standard 0(7) A O(Xl)
\ /|
vV
Accelerated O(ﬁ) < 0(\/X1X2)

Asynchronous algorithms are provably better than synchronous

algorithms (and more geometric!)




@ﬁf?hMﬁﬁﬁémbiﬁing best of both worlds? 27

Ref.: [1] Lower Bounds and Optimal Algorithms for
Smooth and Strongly Convex Decentralized Optimization

o [1] pI‘OpOSGd all algOI’Ithm based O1l. Over Time-Varying Networks, Kovalev et al, 2021

[2] A Continuized View on Nesterov Acceleration for
Stochastic Gradient Descent and Randomized Gossip, Even
et al.

n
. V(") —ve* —y" =
x* € arg int E f@ (CIZ'Z) 1s equivalent to y 4zt ok

x;=x 4 y - &L —
1=1 nz* + myt =

where f(x) = (fi(zi)): for some v > (

Yet, their dynamic relies on an Error Feedback mechanism (which implies a
synchronisation between workers) and a synchronous gossip step.

e [2| proposed the following dynamic to minimise inf Z fi(x;) :

| o R
dxy =n(T; — xy)dt — Z (V[ (zs(t) =V fi(25(t))dM;;5(1),
j.(ij)e€
4} =i — F)dt—5 S (T (@(t) = V£ (0)dMig (1)
j.(ij)e€

Yet, their dynamic relies on duality and one gradient = one

communication, which is inefficient.




@ ““MliA DADAO Dynamic o

Nabli A. and OF - DADAQ: Decoupled Accelerated Decentralized Asynchronous Optimization, ICML 20285.

(dxy = n(Zy — xy)dt — v(Vf(xy) — vy — g¢) dN()
X dzy = (e — T)dt — (V[ () — vy — gi) AN(2)
Ay =|—0(ys + 2 + vE)dt|+ (6 + 6)(V () — vy — ) dAN()
{ dys = oy — yg)dt

dzg = a(Z — z)dt — B > (e —ej)(e; —e;) (yr + 2¢)dM;5(2)
Yt (1,7)€E

with N(t) = (N;(%));

dz; = a(z — Z)dt — B Y. (ei —ej)(e; —e;) (ye + 2)dMg;(t).
\ (i,5)€€& X . Jient
which can be compressed into: ¢ + gradients

’ Y;: communications
dXt — a1 (Xt, Y;)dt -+ bl (Xt)dN(t)

\dY;f — a2 (Xta }/t)dt + Z(i,j)eé’(t) bZZJ (Y;f)dM’ij (t) ;

e Theorem (convergence of DADAQO): Under the previous assumptions,

if (f z‘)z'gn are [-strongly convex and L-smooth, then there exists some
parameters such that one needs:

L 1
- Communications: — L, 1 - Gradients: ny [ — log —
>|<1,>\< 2n\/ H o8 oo ©

<

Deterministic case: '/ \

- Communications: V€] élogl - Gradients: n élogl
\/ L € \/ 1 €



@ =ML Asynchronous Decentralized 29
D eep Learning Ref.: Stochastic gradient push for distributed |

deep learning, Assyrian et al.

e The standard dynamic is given by

iz} = [ VR@L&) N -5 3 (ol - g

P—
i

- 7,(2,5)€E
x -+ x) -+ xJ

e A G

Workers 1. Each worker has a copy
4 of CIFAR10 and has access

= 8 to the whole dataset
E — 16
3 ) 2. Total tations &
= 10-2 64 . Lota 'conolpu ations
: \. communications are
constant accros runs

0 5000 10000 15000 20000 25000
# grad steps per worker



NV T . .30
@ ““MLlAADblation on 64 workers
e Why does the method fail with 64 workers? Hyper-

parameters or communications... 7
10! ,
— 1 com/V 4 com/V
—_— 2 com/V - = All-Reduce
10°
D)
Q
-
S
2 107!
o
e
1072
’o\“‘.~‘,
1073

0 250 500 750 1000 1250 1500 1730
# grad steps per worker



@ ““MLiA ACiD: reducing communication rate K

Nabli A., Belilovsky E. and OF - A2CiD?: Accelerating Asynchronous Communication in Decentralized Deep Learning, NeurlPS 2023.

e We consider, for hyper-parameters 7], 7, C, Q| the dynamic given by
day = 1(Z; —ai)dt —v | VEFi(2},&)dN{(&) —a ) () —x])dM/

= 7,(3,5)€E
dzy = n(zy — 3)dt — | VE(2y,&)dNy (&) - a Y (a) - af)dm)
B 7,(3,7)€E

e Very similar to Slowmo [1|, except that this technique (provably) works

in a decentralized COl’lteXt. Ref.: [1] SlowMo: Improving Communication-Efficient
Distributed SGD with Slow Momentum, Wang et al.

e Note that this dynamic simply needs to double the number of
parameters (like momentum SGD) and adds no extra
communication.

e Theoretical guarantees: for SGD in convex/non-convex, replace the
connectivity constant yiwith v/X1X2.



@ ““MLia Experiments

Double VS single communication

65 107 \. — 1 com/V —— w/A2CiD?
\°;,°._0 oo 2 com/V ® w/oA2CiD?
» 4x 10 o,
° | ®o.l
-

2 3% 100 oney, S0
= o Ty
8
— °.

2x10° il 2

g, nl °

0 2000 4000 6000 8000 10000 12000 14000
# grad steps per worker

Consensus distance: double VS single

102 —— 1 com/V —— w/A2CiD?
2 com/V ® w/oA2CiD?

[> distance
[
<

<00
\
(]
\
[ )
i
[ ]
?
[ ]
]
[ ]
I
[ )

| e

107!

0 5000 10000 15000 20000 25000
# grad steps per worker

.32
Training loss: ImageNet+ring graph

6% 10° . n=16 w/ ACiD?
\0 n=32 w/o A2CiD?
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@ ““Mlia What about generalisation? ¥

#Workers 4 8 16 32 64
AR-SGD baseline | 94.5+0.1 94.440.1 045+0.2 93.7+0.3  92.840.2
Complete graph
Async. baseline 94.94+0.1 949+0.07 94.9+0.04 94.7+0.02 93.4+0.2
Ring graph
Async. baseline 95.0+0.06 95.0+:0.01 95.1+0.07 94.44+0.04 91.9+0.10
ACiD? 94.940.02 95.0+0.1  95.0+02 95.0+0.08 92.9+0.2
#Workers #com/tierad 16 32 64 \
AR-SGD baseline - 75.5 752 745 CIFAR10
Complete graph
Async. baseline 1 746 73.8 713 ImageNet Q
A*CiD? 1 75.1 745 72.6 Al
A2CiD? 2 752 744 743 (P stodont)
Ring graph A very efficient implementation
Async. baseline 1 748 71.6 64.1 allows to efficiently run jobs and
A2 CiDZ 1 747 734 68.0 get an actual speed-up.
~ Async. baseline | 2 | 748 7377 682 T e
A2cm2 2 75.3 74.4 71.4 AR | ¢t(min) | 219 | 11.1 | 6.6 | 3.2 | 1.8
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Part 4: Conclusions and
perspectives on distributed
learning
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@ ="MLA Conclusions

e Decoupling, randomising are keys tools to propose
novel, taster algorithms which use better hardware to train
Deep Neural Networks.

e However significant limits remain to practically use

those algorithms:

e Lack of practical implementations
e Applications are restricted to vision task/linear models.

e Accuracy gaps are significant.
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@ Min Perspectives for Local
Learning

e Toward swarm of layers: local SGD + local Learning.

== Propagation path
— Communication link

Output
node

Input
nodes

o Alternatives to Greedy Learning, which scale better?

e Local losses for generative models?
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@ ““MLA Perspectives for
Asynchronous Decentralized Learning

e Collaborative training with guarantees?
e Mitigating the Need for grid search?

e Filling in this Table of lower bounds for smooth
strongly convex functions:

Decentralized Centralized
Stochastic Determinigic Stochastic_ Determiniﬁic
Grad. ? log <1 ﬁ log *(n + 4 /n%) log %n\/%
Comm. ? €]/ log L \/g ? ?




(s AR
@ >"MUA Future?

Collaborative frameworks for large scale

machine learning applied to science

e Combining academic resources and non academic
(e.g., webGPU by apache) to be able to train very large
models collaboratively on open data (grants submitted).

e It could be a cornerstone of a broader approach that
could be applied to science in general: instead of other
disciplines incorporating AI, Al is being integrated
into these disciplines. (sabbatical at Flatiron Institute)
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Strategy 1: Pipelining

Improving distributed training

+.40

of Deep Neural Networks

\

. . ..E, ‘\\\ Vel.O is more than
(handling slices of large models) g »f\ho 22 times faster than
3 \ . LR-timed Adam on
Fso | Fai | Faz| Fsa| Bas | Baz | Ba: | Bap Uycdale § 2 N A N\ 50% of rasks
Fz: Fzi: ! Fazl Faa Baa B.: B..- B.e Upaate § 2 \-K' e w“; - -
. 4 J - o \ ‘\ .
Bl Bu | B2z | B | Bis Upate g o N :
| Bubble 3 \ —
F:c | Fai | Fas | Foas Bos Bs: | Bax | Baa | Urdite E 2v —————b—‘-——“————————-————‘——-
w 51 : TN — ~\
. 40 0.0 0.2 0.4 0.6 c8 10
o lask percentile
@ . . Hyperparameter free:
o .
5 us| Strategy 2: Self-optimizers — vacauwm
§ / L Opt (RNN MLP) (1 trial)
= / . . LOgt [STAR] (1 trial)
g .| / (reducing grid search dependency)
'(Z’ / Hyperparameter tuned :
o > — er izl
pl & Memory usage without ZeRO With ZeRO Optilst ok aks)
@ 25| P Shampoo (14 trials)
% " . "—l - — Data, - 6PU, Daa, . GPU, NAdamW (1k trals)
4 s AdamLR* (14 trials)
E 20 ! A A ! ' A A J
84 128 258 512 1k 2k 4k 8k 16k 32k 64K o, - i owa, - g

mini-batch size
Strategy 4: Large batches
(achieving higher data-parallelism)

Ref.: [1] GPipe: Efficient Training of Giant Neural Networks
using Pipeline Parallelism, Huang et al.

[2] VeLO: Training Versatile Learned Optimizers by Scaling

Up, Metz et al.

[3] ZeRO: Memory Optimizations Toward Training Trillion
Parameter Models, Rajbhandari et al.

[4] Accurate, Large Minibatch SGD: Training ImageNet in 1

Hour, Goyal et al.
[5] Hogwild!: A Lock-Free Approach to Parallelizing
Stochastic Gradient Descent, Recht et al.

Data,

g Strategy 3:
Zero-DP

m‘.' .

Strategy
Hogwild!

(asynchronous
centralized updates)

(shards of model

weights)
5: Algorithm 1 HOGwILD! update for individual processors

1: loop

2:  Sample e uniformly at random from £

3:  Read current state z, and evaluate G (z,)
4: forveEeedox, —x, — 7Gep(x:)

5: end loop



https://arxiv.org/abs/1706.02677
https://arxiv.org/abs/1706.02677

@ “min Convergence guarantees !

e Assumption (a): each™ f;is p-strongly convex and L

[ smooth: .
y B IVE (&) = V@) < o and 37|V fila®) = VI < ¢
=1 i=1

e Assumption (b): each f;is L smooth and:

Vo e RY S VA() - V@I < ¢+ PIVA@)®,  and
1=1

1 M <
Va1,..,xy € RY, - ZE&HVFi(CUiyfi) — Vii(z)|? <o’ + . Z IV fi(w)|]? -
i=1 i=1

1
Here: X2 = SUP —((’»i — Hj)TA+(62-, — ej) < Y1 = Ssup ul At
(¢,7)€E | u||=1

Method Strongly Convex Non-Convex
2 2 )
Koloskova et al. [21] | -5 + \/ZXIEJQ/\E" + 'ﬁXl Lo, 4 Lxﬁ;}éx—la + Lx
2 2 2 2 V5
A%CiD? (Ours) TIaXat L L saxe  LERvxRet | By

AD-PSGD [27] i LZ£E 4 nlx




(logistic+linear regression)
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“MLA Spectrum of well-known
graphs

Line/circle , Complete Y1 = 1

=n
x _ Al =1

AR =1 2
El=n

I El=n B
\'/ X2:1 X2_1

d-connectivity

How can we benefit the effective resistance? Star-graph
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